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1. Introduction {#s0005}
===============

The Intergovernmental Panel on Climate Change (IPCC) highlights that the vast low-lying coastal region of Bangladesh is particularly vulnerable to risks from climate change ([@bb0100]). Increase in temperatures, changing rainfall patterns, sea-level rise, and increase in frequency and intensity of extreme climatic events are negatively impacting agriculture, water resources, human health, and the ecosystem ([@bb0160]). Climate change has already had major impacts on the lives and livelihoods of the people in the coastal areas of Bangladesh ([@bb0080], [@bb0085]).

The greater reliance of the people on the agricultural sector has made it more challenging today as a sustainable livelihood. Agriculture will become even more susceptible in the future due to changes in climate variables ([@bb0095]; [@bb0105]). One predominant impact of climate change will be fluctuations in crop yield due to frequent changes in climatic variables ([@bb0115]). Moreover, extreme climatic events, soil salinity in coastal areas, and incidence of pests and diseases due to the increased temperature and humidity may result in additional adverse effects on the agriculture sector ([@bb0120]). Despite technological development, climatic factors are still fundamental dominators of agricultural productivity. Addressing the issues to find solutions to reduce agricultural vulnerability would require an integrated and comprehensive management plan with particular consideration for hazard vulnerability and the resilience of the coastal population to climate change ([@bb0125]). The authors recognize that long-term measures will be required to address the climatic factors of vulnerability and, therefore, the paper suggests methods to find the second most significant factors that can be addressed more easily and can reduce agricultural vulnerability in the short run. An effort was made to find the crop yield vulnerability of the farmers of the three coastal districts of Bangladesh by identifying the significant factors that have increased effects on the vulnerability score by Machine Learning models. This was done by first calculating the Vulnerability Livelihood Index of agriculture for each of the study areas.

Vulnerability Indicators help monitor and keep track of the changing vulnerability over time and space ([@bb0135]). The three components that characterize vulnerability include exposure, sensitivity, and adaptive capacity ([@bb0100]). Local economic, social, and political factors can also significantly affect vulnerability components at the household level ([@bb0055]). Climate change is a widely-discussed topic and requires resources at a global scale but, for this paper, the authors focused on trying to find out adaptation strategies to cope with vulnerabilities related to rice production that would be specific for each region and could be managed locally with the help of mobile applications. Developing such technology-based solutions has become extremely important, especially considering the scarcity of global resources and, more importantly, the recent COVID-19 pandemic, which has emphasized the need to address the issue further. Bangladesh, as a country, with its unique geographical location, is prone to natural disasters and climatic effects. Therefore, at a time of such disasters, be it geographical or in the health-sector when mobility needs to be limited, it becomes next to impossible to maintain proper resource management. The work in this paper thus presents a complete system for the coastal areas of Bangladesh that work with data acquisition using mobile applications, data processing using machine learning techniques, and interpretation through web-based interfaces. In addition, the architecture that was designed for this system is quite generalized and can be adopted for work in other domains as well, with minimal modifications.

2. Methodology {#s0010}
==============

2.1. Study area {#s0015}
---------------

Three coastal districts of Bangladesh, namely, Patuakhali, Kutubdia, and Khulna were selected for this research study. The maps of the study area are shown in [Fig. 1](#f0005){ref-type="fig"} .Fig. 1Study area map.Fig. 1

2.2. Vulnerability assessment technique {#s0020}
---------------------------------------

The vulnerability assessment method used in the study was based on the vulnerability assessment method of GIZ Vulnerability Sourcebook ([@bb0070]), which is built upon the IPCC Framework. It should be noted that the GIZ study only addressed specific methods of the vulnerability score calculation, but this study goes a step further and puts forth a practical application and usability of the score, giving policymakers a chance to apply the vulnerability information for functional purposes. Moreover, while GIZ only identified the main components of vulnerability (e.g., exposure, sensitivity, and potential impacts), this research project identified the significant factors for all components of vulnerability, as shown in [Fig. 2](#f0010){ref-type="fig"} through engaging in extensive discussions with local communities.Fig. 2Components of vulnerability.Fig. 2

A weighted average method was used to calculate the Livelihood Vulnerability Index (LVI) ([@bb2005]; [@bb0110]). Each of the sub-components of vulnerability was measured using either the Likert scale or using primary or secondary data to facilitate broad comparability with past literature of the region. The variables were normalized on a numeric scale from 1 to 5. The calculation used for the component indices for exposure (*E* ~*N*~), sensitivity (*S* ~*N*~), and adaptive capacity (*AC*) are shown in Eqs. [(1)](#fo0005){ref-type="disp-formula"}, [(2)](#fo0010){ref-type="disp-formula"}, [(3)](#fo0015){ref-type="disp-formula"}, [(4)](#fo0020){ref-type="disp-formula"} below:$$\mathit{LVI} = E_{N} + S_{N} - \mathit{AC}$$ $$E_{N} = \frac{x - x_{\mathit{\min}}}{x_{\mathit{\max}} - x_{\min}}$$ $$S_{N} = W\frac{\sum\limits_{i = 1}^{N}S_{i}}{N}$$ $$\mathit{AC} = W\frac{\sum\limits_{i = 1}^{N}\mathit{AC}_{i}}{N}$$where, *W* = Weight and *N* = total number of factors.

The categories assigned for the vulnerability score is shown in [Table 1](#t0005){ref-type="table"} . The regions were assigned into a category of low, medium, and high vulnerability based on the vulnerability score along with consultations with experts and local villagers ([@bb0130]).Table 1Classification of vulnerability indicator value.Table 1Vulnerability score rangeCategory0.1--0.30Low0.31--0.50Moderate0.51--1.00High

2.3. Questionnaire and sampling design {#s0025}
--------------------------------------

Random sampling methods were used to select the study areas and study population ([@bb2010]). A total of 930 households were selected to collect preliminary data in order to get a general overview of the study area. Broadly, socio-economic, climatic, water and sanitation, and disaster management related issues were covered in the questionnaire. A separate set of 297 samples were chosen from the preliminary selection of households to assess agricultural production and related vulnerability issues. The average vulnerability index and the spatial distribution of the houses according to vulnerability were prepared using the Geographic Information System (GIS) and Machine Learning techniques.

2.4. Development of a mobile application for vulnerability assessment {#s0030}
---------------------------------------------------------------------

An online system comprised of a web and an Android application was developed for quick assessment of vulnerability and data-driven decision-making. The architecture of this system is depicted in [Fig. 3](#f0015){ref-type="fig"} . The mobile application contains a questionnaire to which coastal people can respond and the answers they provide are sent to a central web server through a REST API. The server then uses a machine learning model to get the predicted vulnerability of each respondent, stores the result in a database and sends the data to a web dashboard. The web dashboard summarizes results for all respondents and also provides individual level vulnerability scores. Administrators can use information from this dashboard to determine how resources can be optimally allocated to provide personalized help to each vulnerable individual.Fig. 3System architecture of web-based and mobile application.Fig. 3

3. Results & discussion {#s0035}
=======================

3.1. Identifying vulnerability factors {#s0040}
--------------------------------------

The factors related to three different variables of vulnerability, e.g., exposure, sensitivity, and adaptive capacity, were identified through focus group discussions (FGD) with the local farmers in each village. Climate change-related exposures are global issues, whereas sensitivity and adaptive capacity are location-specific and can be addressed with local interventions. The results of the FGDs are presented in [Fig. 4](#f0020){ref-type="fig"} .Fig. 4Impact chain of the crop yield vulnerability livelihood index.Fig. 4

3.2. Vulnerability weight calculation {#s0045}
-------------------------------------

The vulnerability weights reflect the perception of farmers regarding the factors related to vulnerability in the study areas. Weights measured from the ranking exercise conducted with farmers are displayed in [Table 2](#t0010){ref-type="table"} . Across the coastal region of Bangladesh, the climatic conditions were among the factors with the highest weights, which illustrate their importance to assess vulnerability levels. The climatic conditions include average rainfall, average humidity, and average temperature (weight = 0.3), which holds a weight of particular importance that could disrupt farming activities. During FGD sessions, farmers often mentioned price and market conditions as vital factors for sustaining livelihoods. The factors shown in [Table 2](#t0010){ref-type="table"} are location-specific and were collected through focus group discussions with the local farmers.Table 2Variable weights of exposure, sensitivity and adaptive capacity.Table 2SectionRequired dataData typeRemarksWeightCox bazarKhulnaPatuakhaliStandard deviationExposureAverage rainfallSecondaryNumber (mm)0.30Average humiditySecondaryHumidity0.30Average temperatureSecondaryNumber (0C)0.30SensitivityPercentage of damaged cropsSecondaryWind speed0.260.120.290.220.07Crop diseases ratePrimaryLikert scale0.170.300.250.190.04Soil qualityPrimaryLikert scale0.180.170.150.180.01Water availabilityPrimaryLikert scale0.210.180.170.220.02Rain availabilityPrimaryLikert scale0.180.230.140.160.04Adaptive CapacityRelationship with relatives, neighborsPrimaryLikert scale0.090.080.090.070.01Union Parishad membersPrimaryLikert scale0.100.100.100.080.01Dependency on kinsPrimaryLikert scale0.080.100.100.090.00SavingsPrimaryLikert scale0.030.030.030.030.00Use of forest resourcesPrimaryLikert scale0.080.030.100.090.03Ability to workPrimaryLikert Scale0.110.110.110.110.00Ability to cope with adverse situationPrimaryLikert scale0.110.110.100.110.01Seasonal diseasesPrimaryLikert scale0.120.130.110.120.01Opportunity for employmentPrimaryLikert scale0.100.090.090.090.00Opportunity for incomePrimaryLikert scale0.090.090.090.100.01Education levelPrimaryLikert scale0.120.130.100.120.01

The parameters with the highest vulnerability weights belong to exposure: average rainfall (weight = 0.3), average humidity (weight = 0.3), and average temperature (weight = 0.3). The parameters of sensitivity with the highest vulnerability weights calculated were the loss of crops (weight = 0.2648) and lack of water availability (weight = 0.2099). Moreover, the degradation of soil quality or higher crop disease rates can aggravate the situation. The parameters of adaptive capacity with the strongest influence on the vulnerability score calculation included seasonal diseases (weight = 0.1196) and the education level of farmers (weight = 0.1161).

Community response variations about different vulnerability factors in the three districts are shown in [Fig. 5](#f0025){ref-type="fig"} . Among the parameters for sensitivity, the parameter with the highest weight in Cox\'s Bazar and Patuakhali that affects agricultural productivity is rain availability (weight = 0.2287, weight = 0.2181 respectively), whereas, in Khulna and Patuakhali, the parameter that holds the highest weight in the vulnerability calculation is the percentage of damaged crops (weight = 0.2181).Fig. 5Difference in district wise vulnerability weights of the factors of sensitivity and adaptive capacity.Fig. 5

The factors of adaptive capacity help to overcome the exposure and sensitivity factors when measuring the vulnerability of a community or household. The factors that hold the highest weight in the vulnerability calculation for Cox\'s Bazar were education level and seasonal crop diseases (weight = 0.134). The adaptive capacity factor with the highest weight in Khulna was also observed to be seasonal crop diseases (weight = 0.1081). In Patuakhali, the factor with the highest weight for adaptive capacity was the education level (weight = 0.1171).

3.3. Vulnerability score {#s0050}
------------------------

[Table 3](#t0015){ref-type="table"} shows the state of crop yield vulnerability of the three coastal regions of Bangladesh, which is reflected in the vulnerability scores of different villages in the study area. Each village\'s vulnerability score was derived from analyzing the individual score of each household. Every household\'s individual score was then examined and the cumulative score was achieved to obtain the vulnerability score. The maps in [Fig. 6](#f0030){ref-type="fig"} of three coastal regions show geographical areas of vulnerability, which is the subject matter of the study. The spatial map shows the vulnerability level of the villagers according to the household survey. Similar to hazard maps, the vulnerability maps in [Fig. 6](#f0030){ref-type="fig"} highlight the zones where farmers and farming land are most vulnerable to a variety of factors, which include social, physical, and economic aspects of rice production, as discussed above. ([@bb0015], [@bb0020], [@bb0025]).Table 3Crop yield vulnerability index.Table 3DistrictUpazilaVillage*E*~*N*~*S*~*N*~*AC*~*N*~VIRemarksKhulnaKoyraMaheswaripur0.510.660.630.54HighDacopeBotbunia0.540.540.600.48ModerateJaliakhali0.540.540.580.49ModerateKhona0.540.590.630.50ModerateCox\'s BazarKutubdiaAli Akbor Deil0.490.530.610.42ModerateKoiyarbil0.490.580.640.44ModerateUttor Dhurong0.490.540.640.40ModerateBoroGhop0.490.530.620.40ModeratePatuakhaliKalaparaGangamati0.530.670.730.47ModerateNijampur0.530.680.730.48ModerateKhajura0.530.650.670.51HighChar Chapli0.520.630.670.48ModerateFig. 6Vulnerability maps of three coastal districts of Bangladesh.Fig. 6

The overall average vulnerability level was found to be relatively moderate in all three study areas. This shows an overall similar vulnerability situation in the coastal region of the country. However, slight variations in terms of vulnerability were seen in Maheswaripur village in Khulna and Khajura village in Patuakhali, where relatively increased levels of vulnerability were observed.

It is apparent from the study that the vulnerability in the crop yield sector varies according to regional and temporal variations of natural disasters in the coastal areas of Bangladesh. It was observed that among the 297 farmers, about 46%, 34%, and 55% were vulnerable to the risk of humidity, temperature, and precipitation, respectively.

The study results were consistent with the national survey in showing that regions with lower income are more vulnerable to the impacts of climate change. Vulnerability to climate change varies between places, communities, and social classes ([@bb0005]; [@bb0140]; [@bb0040]). There are important details in the findings which show the differential levels of vulnerability between communities and the vulnerability of households within each community. The regions that show higher vulnerability have more households belonging in the lower-income group. In Maheswaripur village of Khulna district, about 60% of the surveyed population had a monthly income of less than USD 60. Similarly, in Khajura of Patuakhali district, 51.2% of the surveyed population was found to have an income level below USD 118.

3.4. Identification of significant factors {#s0055}
------------------------------------------

All the significant factors for vulnerability assessment were filtered using two different methods of statistical analysis and machine learning methods. Later, a comparative analysis of both the methods identified the best method to use for developing the mobile application. It was done with an understanding to develop a mobile application that was simple and convenient for the users in terms of handling fewer vulnerability factors for input. The following sections discuss both methods.

### 3.4.1. Statistical analysis {#s0060}

The multivariate logistic regression model was performed to screen out the non-significant factors of sensitivity and adaptive capacity ([@bb0150]; [@bb0035]). The goodness of fit of the model was high because the value of R^2^ is 0.70 ([@bb0050]). On the basis of the Wald test, five variables for sensitivity and five variables for adaptive capacity showed significance (*p*-value \< 0.01) out of a total of 19 variables, which were considered initially for the vulnerability score calculation ([@bb0060]; [@bb0155]). The vulnerability score was measured by integrating the significant factors related to sensitivity and adaptive capacity without influencing the original score ([Table 4](#t0020){ref-type="table"} ).Table 4Contribution of each independent variable to the model and its statistical significance.Table 4FactorVariableβWaldSig.Exp.(β)R^2^SensitivityCrop diseases rate10.56415.0220.000[⁎⁎⁎](#tf0005){ref-type="table-fn"}0.6800.70Soil quality degradation8.73114.5970.000[⁎⁎⁎](#tf0005){ref-type="table-fn"}0.056Water unavailability8.26713.0490.000[⁎⁎⁎](#tf0005){ref-type="table-fn"}0.087Damage of cultivable land9.11616.1820.000[⁎⁎⁎](#tf0005){ref-type="table-fn"}3.412Availability of rainwater6.42914.3860.000[⁎⁎⁎](#tf0005){ref-type="table-fn"}9.628Adaptive CapacityEducational qualification4.89011.4610.001[⁎⁎⁎](#tf0005){ref-type="table-fn"}0.008Employment opportunity3.3039.7570.002[⁎⁎⁎](#tf0005){ref-type="table-fn"}0.037Income opportunity3.4819.1600.002[⁎⁎⁎](#tf0005){ref-type="table-fn"}0.031Rate of seasonal diseases−5.87712.8500.000[⁎⁎⁎](#tf0005){ref-type="table-fn"}0.003Ability to work4.13410.1950.001[⁎⁎⁎](#tf0005){ref-type="table-fn"}0.016[^1]

### 3.4.2. Machine learning (ML) method {#s0065}

Though the statistical analysis gave a primary list of important variables, the correlation of the vulnerability scores generated only using these variables with those generated using the full list of variables under the GIZ framework was not high (*R* ^2^ = 0.7). So, using machine learning, we opted to find a better approach that would generate vulnerability scores closer to the original ones with fewer variables ([Table 5](#t0025){ref-type="table"} ).Table 5Performance of different machine learning models.Table 5Machine learning modelR^2^ on training setR^2^ on test setLinear regression0.930.90Bayesian ridge regression0.930.91Random forest regression0.970.83XGB regression1.000.83Extremely randomized trees regression1.000.81

The distribution of individual vulnerabilities, calculated as per the GIZ method, is plotted in [Fig. 7](#f0035){ref-type="fig"} . It can be seen that vulnerability follows a normal distribution and that there are no extreme vulnerability scores. It was assumed that the distribution is such because the agriculture-dependent coastal people are generally more or less vulnerable.Fig. 7Vulnerability distribution.Fig. 7

Of the 297 data points that were collected, three had null values for different factors, which might have been caused by erroneous data entries. Since the number of erroneous data points was very small, they were simply dropped and the remaining 294 data points were considered for the ML models. Moreover, in the dataset, there were only three distinct values for temperature, humidity, and precipitation. This occurred because each district was given a single value for each of these factors. As a result, there was minimal variance in the data for these factors and thus, was excluded from the ML models. Finally, to check whether any factor had little influence in predicting vulnerability, a column with random floating-point values taken from the half-open interval (0,1) was added, entitled "Random". The intention was to make an importance ranking of the factors where any factor ranked below "Random" could easily be disregarded. Thus, in the end, 294 data points having 20 actual factors and one random factor were considered. Randomly chosen, 80% of these data points were kept for training the models and the remaining 20% for testing the performance of the models.

#### 3.4.2.1. Development of machine learning models {#s0070}

Before training the models, to ensure that there were no factors with high correlation, the Spearman\'s rank correlation coefficient between each pair of factors in the training set was calculated and no two factors with high correlation were found. Later, the vulnerability scores obtained by using the GIZ formula were taken as ground truths and five different regressors were tested to generate vulnerability scores as close as possible to the ones attainted using the GIZ method. The models and their respective performances are shown in [Table 6](#t0030){ref-type="table"} .Table 6Combined ranking of factors.Table 6FactorRankFactorRankSavings1Use of forest resources12Income opportunity2Availability of rain water13Damage of cultivable land3Most reliable source of emergency help14Water unavailability4Ability to work15Educational qualification5Existence of relationship with local government institutions16Dependency levels on forest resources6Random17Soil quality degradation7Relationship with neighbors18Employment opportunity8Relationship with kins19Rate of seasonal diseases9Relationship with local government institutions20Ability to cope with adverse situation10Possibility of getting help from kins21Crop diseases rate11

It can be seen that linear regression and Bayesian Ridge Regression performed well in predicting vulnerability scores while random forest regression, XGB regression, and extremely randomized trees regression overfitted the training data. The hyperparameters for the random forest, XGB, and extremely randomized trees regression ([@bb0030]; [@bb0045]; [@bb0075]) through Bayesian optimization were attempted to be tuned but were not successful in reducing the variance of these models without reducing their predictive capacity on the test set. This might be attributed to the fact that, in this case, these models are too complex for the small dataset being used. Linear regression and Bayesian Ridge Regression, on the other hand, did not require any hyperparameter tuning. As these models were functioning well, they were finally selected to generate the importance ranking of different factors.

#### 3.4.2.2. Selection of the significant factors {#s0075}

In order to obtain the importance scores of different vulnerability factors, permutation importance was used, which works by measuring the *R* ^2^ score on the original set of factors for a model and then calculating the decrease in *R* ^2^ by randomly permutating the values of each of the factors one at a time ([@bb0010]). In this way, the factors with a larger decrease in *R* ^2^ value are considered to be more important. [Fig. 8](#f0040){ref-type="fig"}(a) and (b) shows the factor importance rankings obtained from linear regression and Bayesian Ridge Regression, respectively.Fig. 8Permutation importance ranking of features.Fig. 8

Although linear regression and Bayesian Ridge Regression did not produce the same rankings, it was noticed that the two ranking schemes were similar in putting the same factors in higher or lower positions. To get a unified ranking, the ranks produced by the two regression models were summed up and sorted, with the factors in ascending order according to their sum of ranks. Later, the factors with smaller sums of ranks were considered more important than those with bigger sums of ranks. This unified ranking is shown in [Table 6](#t0030){ref-type="table"}. The vulnerability factors with the lowest rank to the second-highest rank and so on were dropped one by one and trained new linear and Bayesian ridge regression models with continuously reducing sets of factors. [Table 7](#t0035){ref-type="table"} lists how the new models performed with the reduced sets of factors. It was noted that the factor "Random" was already dropped from our dataset before training the new models because it was no longer necessary.Table 7Model performance after feature reduction.Table 7Factors droppedActual factors presentLinear regressionBayesian ridge regressionR^2^ trainR^2^ testStd devPearson corr coefR^2^ trainR^2^ testStd devPearson corr coef1190.930.9090.0240.9540.9290.910.0230.9542180.9260.9080.0240.9530.9260.9090.0240.9543170.9260.910.0230.9540.9260.9110.0230.9554160.9260.9110.0230.9540.9260.9120.0230.9555150.9250.9060.0240.9520.9250.9080.0240.9536140.920.9060.0240.9530.920.9080.0240.9547130.9160.90.0250.950.9160.9020.0240.958120.9080.8910.0260.9450.9080.8920.0260.9469110.8970.8980.0250.9490.8970.8990.0250.94910100.890.890.0260.9450.890.8910.0260.9451190.8680.8630.0290.930.8680.8650.0290.931280.8380.8320.0320.9140.8380.8340.0320.9141370.8040.8220.0330.9070.8040.8230.0330.9081460.7650.7930.0360.8910.7650.7940.0360.8911550.7040.6810.0440.8270.7030.6820.0440.8271640.6620.5820.050.7830.6620.5840.050.7831730.5390.3840.0610.6640.5390.3880.0610.6631820.4270.3370.0630.6080.4270.3380.0630.6071910.1480.1410.0730.380.1480.1410.0730.38

It can be seen from [Table 7](#t0035){ref-type="table"} that up to 11 factors can be dropped and the vulnerability scores that have under 0.03 standard deviation from the original vulnerability scores while retaining a Pearson correlation coefficient of 0.93 can still be predicted. Since temperature, humidity, and precipitation were not included in the ML model like the original vulnerability calculation, it can be stated that, in actuality, up to 14 factors can be reduced and reasonable predictive capacity of vulnerability scores can still be maintained by asking only 9 questions. The ML method demonstrated successfully in identifying significant factors for vulnerability score calculation than that of the statistical approach. The ML method also demonstrated that it could strategically identify the significant vulnerability factors with the highest rank for designing program intervention without considering all significant factors to reduce a specific community vulnerability in a resource constraint situation.

#### 3.4.2.3. Use of a mobile application {#s0080}

A mobile application was developed after a successful reduction of non-significant factors, which later was used to assess the vulnerability scores. The design of the user interface (UI) and user experience (UX) were heavily considered while developing the mobile application so that people of any age with little educational background can use it. Farmers can log into this mobile application and answer the questions corresponding to the top 9 vulnerability factors, which were discussed in the previous section. To avoid any false input data, unrealistically large integer numbers of any input field can be filtered. Later, the responses of each individual will be sent to the central virtual server and vulnerability scores will be calculated for each individual household using the Bayesian Ridge Regression model.

To reduce agricultural vulnerability, it is important to consider the factors identified as being significant, such as soil and existence of groundwater, crop diseases, etc. along with the physical process of the area which provided issues related to agricultural vulnerability and this ultimately would help planners and policymakers to develop sustainable agricultural planning for the coastal communities of Bangladesh ([@bb0020]).

Vulnerability assessment and planning are highly inter-dependent. In order to become more accurate in assessing farmers\' vulnerability, it is important to consider environmental, social, economic, and other relevant factors such as culture, ethical issues, the proper understanding of the static relationships between man and nature, etc. while designing such an intervention ([@bb0065]; [@bb0015], [@bb0020], [@bb0025]). A proper method of data collection, such as, if possible, an anthropogenic approach, could be applied for collecting such important information from the villagers. If the significant factors for vulnerability are identified properly, it would be easier for policymakers and planners to allocate scarce resources in a sustainable way. The mobile application, for example, provided a dynamic vulnerability score. The score, in reality, is not static and changes continuously. The application also allows scores to be upgraded as frequently as required by relevant stakeholders to address a particular situation. As the application will be available to farmers for data input, the collected information will be more accurate while keeping expenses low as there will be no physical involvement for data collection and storage activities. The method of a mobile application-based quick vulnerability assessment technique can also be applied to assess other livelihood aspects simply by identifying significant factors responsible for vulnerability as the factors responsible for vulnerability are highly location and subject-specific.

4. Conclusion {#s0085}
=============

Agricultural production in the coastal regions of Bangladesh is highly vulnerable to changes in weather conditions. The prevailing situation demands the development of a dynamic agricultural plan that considers the future consequences of climatic change and vulnerability to natural hazards. The study identified the most vulnerable agriculture-dependent households using a rapid and cost-effective method. The study focused on the development of a practical and community-friendly application to assess the vulnerability scores to aid local government institutions and other similar organizations with planning and management. Spatial maps were also prepared to show the locations of vulnerable households along with the extent to which they were vulnerable.

The study also provided a description for the application of the vulnerability scores, which can later be used to understand the vulnerability issues of certain livelihood options, such as agriculture, fishermen, health, etc. Climate change-related exposures are global issues, whereas sensitivity and adaptive capacity are local issues and can be addressed with local interventions. Community response to the identified vulnerability factors of sensitivity and adaptive capacity varied significantly due to the diverse developmental profile and geographical characteristics of the study areas.

Statistical and machine learning methods were initially used to filter the most significant factors. The ML method was more successful in this aspect and was used to develop a mobile application that helped in vulnerability assessment by figuring out the factors which require immediate government intervention. The Climate Resilient Vulnerability Assessment Tool, which provides an authentic and faster process of identifying vulnerability, would be able to bring about a revolutionary change in resource distribution and, more importantly, the allocation of scarce resources in a sustainable way. The Vulnerability assessment process is usually highly technical, whereas the mobile application, which is based on a built-in system, provides a more user-friendly approach and can be used independently. The research findings provided an important starting point for directing future research into crop yield vulnerability to climate variability and change. It is expected that the output of the study can be used by policymakers and other stakeholders for better designing and targeting climate change adaptation policies and programs to ensure sustainability.
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[^1]: *P* \< .05 at 95% Confidence interval.
